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Bayesian response adaptive randomization

Shengping Yang PhD, Gilbert Berdine MD

| am planning a randomized trial to compare five
different treatment strategies for breast cancer. To
generate sufficient evidence for identifying the most
effective treatment, an adequate number of patients
will need to be enrolled in each arm. To improve effi-
ciency and potentially reduce costs, | am considering
using a design that incorporates Bayesian response
adaptive randomization. Is this a viable and appropri-
ate option for such a multi-arm trial?

1. INTRODUCTION

Randomization has long been the cornerstone of
clinical trial design, serving to minimize bias and ensure
comparability between treatment groups. The classic
randomized controlled trial (RCT), typically with fixed
allocation ratios (e.g., 1:1 or 1:2), is widely regarded as
the gold standard for evaluating therapeutic efficacy.’
However, this design has important limitations, particu-
larly when multiple treatment arms are involved, that a
large number of participants is often required, and the
design does not allow for adaptation based on accu-
mulating evidence during the course of the trial.

Over the past two decades, the field of adaptive trial
design has evolved in response to growing demands for
more flexible, efficient, and ethically sensitive approaches.
Adaptive designs allow for pre-specified modifications to
key trial parameters, such as sample size, allocation ratio,
or number of treatment arms, based on interim analyses,
without compromising the scientific validity or integrity of
the study.?

One of the most ethically appealing and statistically
innovative approaches is response adaptive randomi-
zation, in which the probability of assigning a patientto a
particular treatment arm changes over time in response
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to observed outcomes. While frequentist methods can
also support adaptive randomization, Bayesian meth-
ods are particularly well-suited due to their capacity to
incorporate prior knowledge and continuously update
treatment effect estimates as new data accrue.

Bayesian Response Adaptive Randomization
(Bayesian RAR) thus represents a fusion of Bayesian
statistical modeling and patient-centered ethics. It
aims to allocate more patients to better-performing
treatments as evidence emerges, while preserving
statistical rigor. This approach has gained particular
traction in complex and rapidly evolving settings, such
as precision medicine, where flexibility, efficiency, and
real-time decision-making are essential.

2. Bayesian RAR

Bayesian RAR uses Bayes’ theorem to update the
probability distribution of treatment effects as new data
accumulates. The resulting posterior probabilities of suc-
cess for each treatment arm are then calculated and
used to guide the randomization scheme — assigning
patients with higher probability to treatments that demon-
strate a greater likelihood of success based on trial out-
comes (e.g., treatment response).?

2.1 OutcomE ASSESSMENT
2.1.1 OuTCcOME TYPE

Clinical trials often involve a variety of outcome
types, including continuous, binary, count-based, and
time-to-event (survival) outcomes, as well as outcomes
measured at different time points, i.e., short-term versus
long-term.

While Bayesian RAR can, in theory, accommo-
date all these outcome types, trials with short-term or
early outcomes, for example, tumor response at week
3, are particularly well suited to this approach. These
outcomes become available soon after treatment and
provide timely data for updating posterior probabilities
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and adjusting randomization probabilities (or for early
stopping decisions; see Section 2.2 for details). Access
to such early indicators of efficacy enables the adaptive
design to function effectively within the trial’s timeline.

In contrast, longer-term outcomes, such as pro-
gression-free survival (PFS) or overall survival (OS),
are less practical for guiding adaptive allocation due
to their delayed availability. Depending solely on these
outcomes can slow or even halt adaptation, thus com-
promising the primary advantage of RAR. To mitigate
this limitation, many trials employ intermediate or sur-
rogate endpoints that are more immediately observable
and reasonably predictive of long-term success. For
instance, tumor response measured by response eval-
uation criteria in solid tumors (RECIST) is frequently
used as a surrogate for overall survival in oncology.
While not a perfect substitute, it strikes a practical bal-
ance between biological relevance and feasibility for
adaptive decision-making.

2.1.2 MULTIPLE OUTCOMES

Some trials collect more than one clinically relevant
outcome, for example, tumor response and toxicity, or
response and progression. In such cases, Bayesian
models can simultaneously incorporate multiple end-
points, enabling a more nuanced evaluation of treat-
ment performance, as well as decision on whether to
stop an arm during an interim analysis.

2.2 Key ComPONENTS oF BaYyesian RAR

Bayesian RAR is grounded in the core principles
of Bayesian inference. Its implementation requires sev-
eral interconnected components that work together to
guide real-time decisions about treatment allocation
and trial conduct.

2.2.1 PRIOR DISTRIBUTION

The prior distribution reflects the state of belief about
treatment effects before any trial data are observed.
This can be:

* Non-informative (or weakly informative), where little
to no prior knowledge is assumed, allowing the data
to dominate the inference.

* Informative, incorporating data from previous tri-
als, meta-analyses, or expert clinical judgment.
The choice of prior, which is often conjugate for
easy computation, has implications for how quickly
the model adapts and how early conclusions can
be drawn. In early-phase exploratory trials, inform-
ative priors may be useful to maximize learning,
while confirmatory trials often prefer conservative
priors to avoid bias.

2.2.2 LIKELIHOOD FUNCTION

The likelihood function quantifies the probability of
observing the data, given assumed treatment effects.
It forms the bridge between observed outcomes and
the underlying model. The likelihood varies depending
on the type of outcome (binary, continuous, count, sur-
vival) and the statistical model used.

2.2.3 POSTERIOR DISTRIBUTION

Using Bayes’ theorem, the posterior distribution
combines the prior and the likelihood to yield an updated
probability distribution over treatment effects, condi-
tioned on the observed data. This distribution provides
the foundation for all adaptive decisions, including,

* Treatment allocation: Randomization probabilities
are derived based on the posterior probability that
each treatment (often compared with a control arm)
is the most effective.

» Stopping decisions (details in section 2.2.5): A treat-
ment arm may be dropped if its posterior probability
of being optimal falls below a predefined threshold,
or if its probability of unacceptable toxicity exceeds
a specified limit.

 Trial termination (details in section 2.2.6): The entire
trial may be stopped early if the posterior probability
that one treatment is superior reaches a predefined
threshold (e.g., >99%), indicating that further rand-
omization is unlikely to change the conclusion.

The calculations of posterior distribution, as well as
the probability of each treatment being the most effec-
tive treatment, compared to the control arm, is math-
ematically involved and thus are not the focus of this
article. The goal of these decision making is to conserve
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resources and accelerate access to effective treatment
while maintaining statistical rigor.

2.2.4 RANDOMIZATION FUNCTION

The randomization function translates posterior
probabilities into treatment assignment probabilities to
strike a balance between exploration (learning about all
treatments) and exploitation (favoring the most effective
treatment).

When multiple outcomes (e.g., efficacy and safety)
are present, a composite utility function can be used
to derive a net benefit score. Posterior probabilities
are then computed based on this utility, guiding treat-
ment allocation accordingly. As the trial progresses and
more outcomes are observed, these probabilities are
updated dynamically, and randomization probabilities
adapt in real time.

2.2.5 STOPPING RULES

Bayesian RAR incorporates stopping rules to drop
treatment arms for efficacy, futility, or safety, based on
accumulating evidence:*

» Futility: An arm may be dropped if its probability of
being the best is very low (e.g., <5%). For exam-
ple, if Arm C has only a 2% posterior probability of
being the most effective treatment after 100 enrolled
patients, then arm C may be discontinued.

« Safety: If an arm is associated with unacceptable
toxicity, for example, the posterior probability of
unacceptable toxicity exceeds a high threshold (e.g.,
>95%), then it may be stopped regardless of efficacy.

These rules enhance the ethical and scientific rigor
of the trial by ensuring that adaptation is not only guided
by positive responses but also by early signals of failure
or harm. Therefore, early stopping can enhance effi-
ciency and reduce unnecessary patient exposure while
preserving scientific validity.

2.2.6 EARLY TRIAL TERMINATION

A Bayesian RAR trial may be terminated early when
sufficient evidence accumulates to support a clear

conclusion about treatment superiority or equivalence.
This can happen when:

» Overwhelming efficacy

If a treatment achieves a high predefined posterior
probability of being the best treatment after enrolling,
for example, 150 patients, which is well before the
planned maximum sample size, then the trial may
be stopped, and results reported early.

* All other arms are dropped due to futility or safety
concerns.

* A predefined maximum level of certainty has been
reached regarding treatment comparisons.

2.3 INTERIM VS CONTINUOUS POSTERIOR
PROBABILITY CALCULATION

Bayesian updating process is typically implemented
either at predefined interim analyses or continuously as
outcome data become available. In trials with sched-
uled interim analyses, after an initial run-in period, the
posterior distribution of treatment effects is estimated
for each arm. From these distributions, the posterior
probability that each treatment is the most effective is
calculated. These same probabilities are then used to
guide the randomization of new participants — assigning
them with higher probability to treatments with greater
chances of success — until the next interim analysis is
performed.

Alternatively, in a fully adaptive or continuous updat-
ing approach, posterior probabilities are calculated for
each new participant using the most current outcome
data from all previously enrolled patients. This allows
the randomization scheme to respond more rapidly to
emerging evidence, potentially improving both trial effi-
ciency and participant outcomes. However, this approach
requires efficient and timely logistical execution, includ-
ing real-time data collection, rapid outcome assessment,
and immediate updating of randomization algorithms.

2.4 AN ILLUSTRATIVE EXAMPLE

Consider a five-arm Bayesian RAR trial evaluating
four experimental neoadjuvant therapies (arms A-D)
against a standard control (arm E) in patients with

58

The Southwest Journal of Medicine 2025;13(56):56-61



Bayesian Response Adaptive Randomization

Yang et al.

triple-negative breast cancer. The primary endpoint is
tumor reduction at week 6.

The trial begins with equal randomization (20% per
arm). After enrolling the first 100 patients, a Bayesian
interim analysis estimates the effect size of each treat-
ment relative to the control and calculates the posterior
probability that each arm is the most effective, for exam-
ple: A (22%), B (62%), C (15%), D (1%). Based on these
probabilities, randomization weights are updated to favor
more promising treatments: more patients are assigned
to Arm B, while Arm D is dropped for futility (pre-defined
as posterior probability <1%). Other criteria for drop-
ping an arm, such as safety concerns (e.g., excessive
toxicity), may also apply. The control arm is maintained
with the same allocation probability as the most effective
experimental arm, using normalized probabilities.

This adaptive strategy is repeated at the second and
third interim analyses. At each stage, posterior probabil-
ities are re-estimated to guide allocation and determine
whether any arm should be dropped or declared supe-
rior. At the end of the study, the most effective experi-
mental arm will be formally compared with the control
to assess whether it provides a statistically significant
improvement in tumor reduction.

This Bayesian RAR design enables dynamic learn-
ing and ethical trial conduct by minimizing patient expo-
sure to ineffective treatments and increasing assignment
to more promising options. Critically, it also allows for
early trial termination if there is strong evidence of either
efficacy (i.e., one treatment clearly superior) or futility
(i.e., no meaningful treatment effect). By incorporating
adaptive decision-making, this design can substantially
reduce total sample size, shorten trial duration, and lower
costs, while maintaining statistical validity. The ability to
update treatment allocation in real time based on emerg-
ing data improves frial efficiency and supports more
patient-centered, precision-driven clinical research.

3. ADVANTAGES oF BAYEsiaN RAR

Compared to fixed allocation ratio randomization,
Bayesian RAR offers several advantages:

+ Ethical appeal: Patients are more likely to receive
better-performing treatments as the trial progresses,

addressing ethical concerns about exposing partici-
pants to suboptimal therapies.®

+ Statistical efficiency: Bayesian RAR can lead to
smaller expected sample sizes, particularly when
treatment effects are large or differences become
apparent early.®

* Flexibility: Bayesian methods naturally handle uncer-
tainty, missing data, and complex endpoint structures,
including time-to-event outcomes and hierarchical
models.

* Incorporation of prior knowledge: Prior data or expert
opinion can be formally integrated, improving ftrial
efficiency and reducing redundancy.

+ Decision-theoretic extensions: Bayesian RAR can
be embedded within broader decision-making frame-
works, such as adaptive stopping rules or seamless
phase II/Ill designs.’

4. CHALLENGES AND LIMITATIONS

Despite its appeal, Bayesian RAR comes with prac-
tical and conceptual hurdles:

* Operational complexity:

One of the biggest challenges of Bayesian RAR is
that its implementation requires real-time data cap-
ture, rapid statistical analysis, and robust infrastruc-
ture to ensure correct allocation in a timely manner.

e Limited number of treatment arms:

When a trial includes only a small number of arms,
particularly in the case of two-arm trials, Bayesian
RAR may offer limited advantages.? In such settings,
a fixed allocation ratio (e.g., 1:1) is often more statis-
tically efficient, especially when outcome variances
are similar across arms. The strengths of RAR, such
as preferential allocation to superior treatments and
early discontinuation of underperforming arms, are
more impactful in multi-arm trials.

* Regulatory acceptance:

While Bayesian designs are gaining traction, regula-
tors may scrutinize the choice of priors, simulation-
based operating characteristics, and adaptive rules
more rigorously than for classical trials.
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* Delayed outcomes:

RAR depends on timely outcome assessments to
adjust probability for treatment allocation for new
participants. In settings where endpoints are delayed
(e.g., survival), the adaptation may not be feasible, or
cause significant delays, which subsequently diluting
the benefits.

 Inferential challenges:

Unequal allocation and adaptive design introduce
complexities in analysis, requiring specialized meth-
ods for estimating treatment effects and controlling
type | error rates.®

+ Potential for overfitting:

If adaptation occurs too frequently or aggressively,
it can lead to unstable estimates or over-reliance on
early, potentially spurious signals.

5. REAL-WORLD APPLICATIONS

Bayesian RAR has been used in several notable
clinical trials:

* The I-SPY 2 trial in breast cancer employs an adap-
tive platform design with Bayesian RAR to evaluate
multiple treatments simultaneously, adjusting alloca-
tion based on biomarker signatures.®

* The BATTLE-1 trial was designed to assign more
patients to the more promising treatment arms based
on data accumulated in the trial up until that time
according to each patient’s biomarker profile.™

These examples demonstrate the versatility of
Bayesian RAR across diverse therapeutic areas and
trial settings.

6. Future DIRECTIONS

Bayesian RAR is poised to become increasingly
important in the era of personalized medicine, platform
trials, and precision therapeutics. As computational
tools improve and electronic data capture becomes
more seamless, the logistical barriers to adaptive imple-
mentation are diminishing.

Integration with machine learning, real-world data,
and artificial intelligence may further enhance the

responsiveness and utility of Bayesian adaptive trials.
Nonetheless, transparency in design, rigorous simu-
lation-based validation, and clear communication with
stakeholders remain essential.

7. CONCLUSION

Bayesian RAR represents a promising evolution
in clinical trial design. By integrating ongoing learning
with patient-centered ethics, it offers a compelling alter-
native to traditional fixed designs. While challenges
remain, particularly around complexity, delayed out-
comes, and regulatory expectations, ongoing methodo-
logical advances and real-world experience continue to
strengthen the case for wider adoption. In an increas-
ingly dynamic therapeutic landscape, Bayesian RAR
offers a framework not only for evaluating treatments
more efficiently but also for doing so in a way that better
respects the interests of patients and clinicians alike.
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